Background: microRNA (miRNA) expression plays an influential role in cancer classification and malignancy, and miRNAs are feasible as alternative diagnostic markers for pancreatic cancer, a highly aggressive neoplasm with silent early symptoms, high metastatic potential, and resistance to conventional therapies.
Background
The development of early diagnostic biomarkers and innovative therapeutic strategies to prevent the progression of cancers is urgent. However, common biomarker development strategies, based on gene expression alone, have only limited potential to identify novel biomarkers. Due several distinguishing characteristics, microRNAs (miRNAs) have become new potential biomarkers in cancer genetics. miRNAs are small noncoding RNA molecules which "micro-manage" messenger RNA (mRNA) expression by reducing its translation and stability [1] . Recent studies show that in particular, miRNAs play a crucial role in cancer cell proliferation [2] , apoptosis [3] , angiogenesis [4] , metastasis [5] , and chemoresistance [6] by changing the expression of both oncogenes and tumor suppressors [7] in pancreatic cancer. These biological roles of miRNAs represent their potential as diagnostic biomarkers for pancreatic cancer.
An important step of estimating the gene-regulatory activity of miRNAs is accurately predicting their targets and monitoring their expression levels. Several computational target prediction tools have been developed, such as TargetScan version 6.2 [8] , PITA version hg18 [9] , and miRvestigator [10] . However, these in silico target prediction tools suffer from high false positive rates because the tools use only sequence complementarity and assume structural stability (following putative assembly) to predict a specific miRNA's target [11] . As miRNA regulatory activation often depends on the distinct tissue being studied (e.g., cancer tissue), the use of condition (i.e., stress, S-phase, etc.)-specific miRNA and mRNA expression data is required to find true miRNA activity [12] . Therefore, the use of miRNAs as potential biomarkers in dismal cancers such as pancreatic cancer remains difficult.
Pancreatic cancer is one of the most hard-to-diagnose and aggressive malignancies, despite increasing knowledge of its etiology [13] . Because of its highly lethal nature and silent symptoms, pancreatic cancer has remained one of the leading causes of cancer-related death [14] . Among the several types of pancreatic cancers, pancreatic ductal adenocarcinoma (PDAC) is the most abundant cancer type which accounts for about 85% of exocrine pancreatic cancers. Although recent advances in gene expression profiling technology, such as microarray and massively parallel sequencing, enable researchers to discover gene-based biomarkers for PDAC diagnosis, there are no highly effective diagnostic markers for PDAC. In order to improve the survival rate of PDAC patients, it is important to identify efficient diagnostic, prognostic, and therapy response markers.
In this study, we performed a novel approach to identify diagnostic markers for PDAC by integrating miRNA and mRNA expression profiles. Using paired miRNA and mRNA expression profiling, we successfully identified promising mRNA and miRNA markers. By determining differential miRNA expression profiles and interaction with their target genes in PDAC, as compared to normal pancreatic tissues, we estimated miRNA expression levels in independent datasets lacking miRNA expression (i.e., having mRNA data only), and validated the diagnostic performance of miRNA marker candidates.
Results and discussion
In this section, we firstly identified multi-markers using mRNA and miRNA expression data from 104 PDAC tissues and 17 benign pancreatic tissues, using support vector machine (SVM) classification and leave-one-out cross-validation (LOOCV). Then, using miRNA target interactions constructed using publically available target prediction tools, we validated marker candidates in independent datasets to select more reliable markers. In the case of independent datasets lacking miRNA expression, we used estimated miRNA activity for validation (based on the expression levels of the miRNA target mRNA transcripts). After validation of the selected candidates, we used other cancer datasets to evaluate and annotate their functions, as shown in Figures 1 and 2 . Figure 1 An analysis scheme of our integrated analysis for PDAC. 104 PDAC tumor and 17 normal pancreatic tissues were separately analysed for gene and miRNA expression using microarrays. Specific features of miRNAs and mRNAs were modelled by SVM and leave-one-out cross-validation (LOOCV). These were then verified by miRNA target prediction algorithms and finally, validated in independent datasets.
Identification of multi-marker candidates from PDAC expression data
For identification of multi-marker candidates for PDAC, we used miRNA and mRNA expression data from 121 total pancreatic tissues of 104 PDAC tumors and 17 benign tissues [15] . To prevent overfitting of imbalanced data, LOOCV and SVM with sample class weights were applied, as described in the Methods section. After evaluation analysis using PDAC and independent datasets, we identified 705 multi-markers for 27 miRNAs, and 289 genes for PDAC diagnosis. Table 1 shows the 39 identified multi-markers with high accuracy (BAs > 0.85 and AUC > 0.85 in our dataset) for diagnosis of PDAC in our training datasets and independent datasets. Specifically, miR-107 was upregulated in PDAC, and miR-107 was recently found to be silenced by promoter DNA methylation in pancreatic cancer [16] . However, DNA demethylation events could induce miR-107 expression showing that epigenetic mechanisms regulating miRNA levels may be involved in pancreatic carcinogenesis. Likewise, miR-135b was reported as a biomarker for PDAC [17] , ovarian cancer, and colon cancer [18] , in which it promotes proliferation, invasion, and metastasis [19] , and miR-135b was similarly upregulated in our findings. By contrast, downregulation of miR-148a was reported in pancreatic, bladder, and lung cancers, and miR-148a was preventative of tumor angiogenesis and cancer progression [20] . miR-21 is also a wellknown potential biomarker for diagnosis, prognosis, and chemosensitivity of pancreatic cancer. As most miR-21 targets are tumor suppressors, miR-21 is associated with various cancers such as those of the breast, ovary, cervix, colon, lung, liver, brain, esophagus, prostate, pancreas, and thyroid [21] . miR-222 has also been reported as differentially expressed in most pancreatic cancers, in which it promotes poor survival rates [22] .
In Table 2 , 27 miRNAs were identified for efficacy in the diagnosis of PDAC. Of these, 22 were previously known to be differentially expressed in pancreatic cancer [7] . However, miR-941, miR-28, mir-487a, mir-299, and mir-503 have never been reported in pancreatic cancer.
Out of 289 target genes, 142 were coregulated by more than one miRNA. Table 3 lists 17 target genes that were coregulated by more than 6 miRNAs. Although there are complex interactions between these target genes and miRNAs, their expression direction was required to be negatively correlated (e.g., miRNAs upregulated and targets downregulated) for PDAC vs. normal conditions in miRNA-target gene network ( Figure 3 ). The function of most co-regulated target genes correlated with cancer metabolism and cancer progression, through such processes as attenuated apoptosis, abnormal development, angiogenesis, and transcriptional dysregulation.
Estimating the relationship between miRNA activity and miRNA targets
In our previous study [15] , we used the average balanced accuracy (BA), i.e., the arithmetic mean of sensitivity and specificity of target-genes, as a metric for miRNA activity performance. In this paper, we modified the estimation algorithm to improve accuracy of miRNA activity ( Figure 2 ). The main difference was that reliable miRNAtarget gene relationships were determined by testing pancreatic cancer datasets for estimating miRNA activity. Using GSE32688 dataset [23] with both mRNA expression and miRNA expression, we evaluated our current and previous miRNA estimation algorithm by comparing the estimated and observed BAs of specific miRNAs. The mean-squared errors were 0.01515 and 0.04877 for our new and previous miRNA estimation algorithms, respectively.
Diagnostic performance of selected markers in other cancers
Using our selected PDAC multi-markers, we evaluated their diagnostic performance in lymphoma and breast, hepatocellular, and lung cancers. All independent datasets were collected from the GEO. Figure 4 presents our selected multi-markers for the four other cancers. Most miRNA markers showed weak association with other cancers (besides PDAC).
Conclusion
In conclusion, we developed a novel single and multimarker identification approach for PDAC diagnosis by analyzing integrated mRNA and miRNA gene expression profiles. To overcome overfitting of imbalanced data, we applied a SVM model with sample class weights and cross-validation, based on sample partitioning in our dataset and independent datasets. Finally, we identified 705 multi-markers for 27 miRNAs and 289 genes as promising potential biomarkers for pancreatic cancer.
Methods and materials

Expression profile datasets
To identify multi-markers in pancreatic cancer, we used mRNA and miRNA expression data from 104 PDAC patients and 17 normal pancreatic patients, following surgery for kidney stones and non-malignant pancreatic disease at Seoul National University Hospital (SNUH) (The detailed experiment and pre-processing steps are described in [15] ). All human subjects studies were approved by the Institutional Review Board of Seoul National University Hospital. In this dataset, mRNA and miRNA expression levels were profiled on Affymetrix (Santa Clara, CA, USA) HuGene 1.0 ST (33,297 probes) arrays and Affymetrix GeneChip miRNA 3.0 (25,016 probes) arrays, respectively. We used 5,617 human miRNA probes, out of 25,016 probes, on the Affymetrix GeneChip miRNA 3.0 array. For validation with independent datasets of selected multi-marker candidates, we collected expression datasets for PDAC (GSE32688 [23] , GSE15471 [24] , and GSE16515 [25] ), lymphoma (LP; GSE14879 [26] ), breast cancer (BC; GSE10780 [27] ), hepatocellular carcinoma (HCC; GSE6764 [28] ), and lung carcinoma (LC; GSE19188 [29] ) from the Gene Expression Omnibus (GEO) [30] . All collected expressed data were performed using quantile normalization and RMA normalization by R package. We developed a novel approach to identify candidate mRNA and miRNA multi-markers for PDAC. The schematic workflow of our pipeline is depicted in Figure 1 . Paired miRNA and mRNA expression, and miRNAmRNA networks were integrated to predict performance for diagnosis of PDAC. This approach is composed of five steps. First, the relationships between miRNA and its target genes were constructed by miRNA target prediction tools. Second, mRNA and miRNA biomarker candidates were detected using our PDAC expression data. In the third step, mRNA and miRNA biomarker candidates were validated by independent datasets. Fourth, diagnostic performances of the validated marker candidates were checked in other cancers. Finally, in the last step, the biological functions of the validated marker candidates were annotated.
Step 1: Prediction of miRNA-target gene interaction
Although many miRNA studies have been performed, only a few miRNA targets have been well validated. To collect reliable miRNA-target relationships covering almost all miRNAs, we employed several in silico prediction algorithms. First, we used all validated target information for 567 miRNAs from miRTarBase 4.0 [31] , and predicted target information for 2,735 miRNAs from three miRNA target prediction methods such as TargetScan version 6.2 [8] , PITA version hg18 [9] , and miRvestigator [10] . These three prediction methods were evaluated as reliable methods in [32] . In this paper, we used 1,357,560 miRNA-target relationship data for 2,735 miRNAs and 18,505 targeted genes. For detecting more reliable miRNA-target relationships for specific conditions such as PDAC, only negatively correlated expressed target genes (correlation coefficient < -0.3 and p-value < 0.05 using linear regression) were chosen ( Figure 2) . Finally, 33,422 miRNA-target relationship data points, for 1,176 miRNAs and 6,424 targeted genes, were used in this study.
Step 2: Identification of multi-marker candidates with PDAC data
To identify multi-marker candidates, we focused on classification performance with PDAC tissues and benign tissues. In this step, support vector machine (SVM) was applied for qualitative classification evaluated with leave-one-out cross validation (LOOCV). In consideration of our imbalanced sample size (i.e., having many more cancer than benign sample datasets), SVM was employed with sample class weights (a cancer = 1 and a normal = 6.117647) [33] . BA, area under the curve (AUC), and p-values from the permutation tests were used for assessing the performance of each prediction model. Using LOOCV, we calculated BA and AUC values from the prediction accuracies of each marker in the testing dataset. BA is defined as an average of sensitivity and specificity, and is a more appropriate evaluation measure for imbalanced datasets than conventional accuracy (i.e., the proportion of the true results among the number of total test datasets). The permutation p-values were calculated from empirical null distribution of BAs by 1 × 10 6 sample permutations for markers with high BAs.
Using the miRNA and mRNA target relationships generated in step 1, 1504 multi-markers for 217 genes and 56 miRNAs were selected with BAs > 0.8, AUC > 0.8, and Bonferroni adjusted p-values < 0.05 for genes and miRNAs, respectively.
Step 3: Evaluation of prediction performance in independent PDAC datasets To avoid selection of markers with specific data-dependency or specific platform-dependency, all identified single or multi-markers were evaluated using three public, independent PDAC datasets collected from the GEO [30] (Table 2) . Of the three, PDAC dataset1 had both mRNA and miRNA expression microarray profiles from GSE32688 [23] , while PDAC dataset2 and dataset3 had only mRNA expression profiles using microarray data from GSE15471 [14] and GSE16515 [25] . To select reliable and robust miRNA-target gene multi-markers, miRNAs and their putative target genes having negatively correlated expression, and BAs > 0.7 in PDAC dataset1, were selected.
To validate miRNA prediction performance in the profile datasets (PDAC datasets 2 and 3) containing only mRNA expression, we estimated the expression of specific miRNAs using their predicted miRNA-target gene relationships. In Figure 2 , linear regression models were fitted with miRNA and mRNA expression data from the 104 cancer tissues and 17 benign tissues. Then, the expression of the miRNAs of interest was estimated by regression models and its targeted-gene expression data in the independent datasets. Using this estimated miRNA expression, its prediction performance could then be calculated. We extracted the multi-markers with BAs > 0.7 in one or more of the PDAC datasets 2 and/or 3. Finally, after validation with the three independent PDAC datasets, we selected 712 miRNAtarget gene multi-markers for 30 miRNAs and 290 genes.
Step 4: Evaluation of prediction performance in other cancer datasets
To examine the feasibility of repurposing our identified marker candidates for other cancers, we collected other cancer datasets having mRNA expression data for lymphoma [26] , breast cancer [27] , hepatocellular carcinoma [28] , and lung carcinoma [29] from GEO datasets. Based on SVM-LOOCV evaluation analysis, the selected single and multi-markers were evaluated.
Step 5: Gene ontology analysis and miRNA-mRNA network generation using the identified biomarkers
The targeted genes of the identified multi-markers were annotated for gene ontology pathways/processes (GO) using PANTHER [34] . In this analysis, markers with annotation results with Bonferroni-corrected p-values < 0.05 were selected. Using this GO annotation, miRNAtarget gene relationships of identified multi-markers Figure 4 Diagnostic performance of specific miRNA target genes in other (i.e., non-PDAC) cancers.
